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Abstract 

This paper aims at assessing the contribution of ethnic minorities to the productivity of the main 

sectors of Italian provinces. To this end, we consider the first ten nationalities by numbers of 

regularised persons observed at the provincial level (NUTS-3) between 2003 and 2011. We use 

an empirical panel growth model with spatially augmented specifications, which allows to 

capture both the direct (marginal) and indirect (spillover) effects of each community on local 

productivity at the provincial level. Our findings show that two communities out of ten have a 

positive impact on economic performance of Italian provinces. Other foreign groups have 

significant effects only indirectly, meaning that these groups do not affect growth of provinces 

where they live, but the neighbouring provinces likely because of commuting. 
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1. Introduction 

In the last fifteen years, Italy has known a dramatic increase in immigrant population, rising 

from just over one million (3.04 per cent of total population) in 2001 to 4.9 million (8.1 per 

cent of total population) at the beginning of 2014. Historically, migrants arriving in Italy have 

all tended to settle mainly in the North and Centre provinces, but their characteristics as well as 

their distribution across productive sectors have always been quite heterogeneous. According 

to INEA (2009), 3.9 per cent of foreign residents are employed in the agricultural sector, 40.9 

per cent in the industrial sector, and 55 per cent in services. While a growing literature analyses 

the impact of total immigrant inflows on the economic growth of the host country, almost none 

distinguish ethnic minorities on the basis of their spatial distribution. Among the more recent 

contributions, Kangasniemi et al. (2012) and Nicodemo (2013) find a negative impact on 

productivity level for Spain, a country that, like Italy, experienced a productivity reduction in 

the last years. On the contrary, Rolfe et al. (2013) find a positive effect of migrants (not 

distinguished by ethnicity) on the whole productivity growth for the United Kingdom, which 

seems able to attract skilled people from abroad. Other studies, such as Alesina et al. (2003), 

Easterly and Levine (1997), Montalvo and Reynal-Querol (2005) and Gören (2014), focus on 

the effect of ethnic fragmentation on economic growth. Barro and McCleary (2003), Noland 

(2005), and Sala-i-Martin et al. (2004), finally, investigate the relationship between different 

religions and economic performance. 

In this paper, we shift the analysis on foreign groups of different nationalities, which are 

clustered in space and tend to be specialised in certain occupations. The aim is to investigate 

whether and to what extent ethnic minorities contribute to Italian productivity growth in five 

key sectors: agriculture, industry, construction, high services (office and professional work), 

and low-services (wholesale, retail, hotels and catering, transport and distribution, housework).  
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To this purpose, we consider the first ten nationalities by numbers of regularised persons, 

according to the latest 2011 census data, which account for the 63.79 per cent of the total foreign 

population residing in Italy.1 They are observed at the provincial level (NUTS-3) from 2003 to 

2011. We use an empirical growth model with spatially augmented specifications, which 

captures both the direct (marginal) and indirect (spillover) effects of each community on the 

productivity growth rate. To our best knowledge, the specific contribution to local productivity 

of foreign groups and the effect due to their spatial distribution have not yet been empirically 

investigated, then this work is a first attempt to provide some meaningful results for the Italian 

case. Our findings show that two communities out of ten have a positive impact on Italian 

economic performance. They are from Philippines and Poland, specialised in health care 

services, child care, housing services. Romanian, Marroquin and Tunisian, instead, have 

significant indirect effects, which imply that these groups do not affect growth of provinces in 

which are settled, but affect growth of neighbouring provinces likely because of commuting. 

The paper is organised as follows. Section 2 presents an overview of recent trends in foreign 

migration across Italian provinces. Section 3 introduces the empirical growth model with 

spatially augmented specifications. Section 4 shows the results and Section 5 concludes. 

 

2. Ethnic minorities in Italy 

Italy has experienced mass immigration relatively recently, since 2000.2 The largest ethnic 

group was from Morocco in 2001, followed by Albania and Romania and nowadays those 

                                                 
1 Foreigners from other countries are less than 100,000 per country and were excluded from the analysis because 

in terms of percentage over the total population are too few. 
2 Actually Italy has seen significant inflows of immigrants from Albania since 1991, after the collapse of the 

Communist bloc, and one year earlier, in 1990, a first law was approved trying to regulate the entry flows, as well 

as to introduce an immigration amnesty for about 200,000 foreigners, mainly from North Africa, who were already 

in Italian territory. However, the number of foreign residents is less than one million until 1997 over a total 

population of 56 million inhabitants, then less of 1.7 in percentage terms. 
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countries continue to be the most represented with only a slight change in the ranking: Romania 

became first since 2007, Albania second and Morocco third. Other groups more represented 

come from Asia (in particular from China and Philippines), North-Africa (Tunisia, in addition 

to Morocco) East-Europe (Albania, Romania, Moldova, Poland, Ukraine). According to official 

statistics and statistical surveys by Leone Moressa Foundation (2012), foreign people usually 

work in low-skilled positions concentrated in three sectors: agriculture, construction and low-

services. Table 1 reports the specialisation of the first 10 nationalities determined by the largest 

employment share of each community across sectors. 

Country Specialisation Occupied (%) 

Albania Construction 27.5 

Romania low-services (in particular housing and personal services) 25.2 

China commercial sector 48.7 

Philippines low-services (in particular housing and personal services) 77.4 

Morocco Construction 14.1 

Moldova low-services (in particular housing and personal services) 46 

Poland low-services (in particular health care, housing and personal services) 37.2 

Tunisia Construction 19.5 

Ukraine low-services (in particular health care, housing and personal services) 67.2 

India Agriculture 16.3 

*Source: Leone Moressa Foundation (2012)  

Table 1: ethnic community specialisation 

Some ethnic groups are much more specialised than others. Among the more specialised there 

are the groups from Philippines, Ukraine and China. The most fragmented groups are from 

India, Morocco, Tunisia, Albania and Romania. Regarding the main occupations, people from 

Albania, Morocco and Tunisia are mainly employed in the construction sector; people from 

Poland, Ukraine, Moldova and Philippines in health care services, child care, personal and 

housing services; people from China have a strong presence in the commerce, specifically in 

the textile and clothing sector. People from India are employed in the agriculture sector, as well 

as a significant percentage of Tunisians (11.7 per cent). 

The distribution of foreign groups is observed in 103 Italian provinces (NUTS-3), which is the 
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lowest possible disaggregation for which data are available. The period of observation is 

between 2003 and 2011.3 Data on foreign residents by nationality come from the Italian 

National Statistical Institute (ISTAT) and are about foreigners regularly registered.4 Data on 

sectoral employment and Gross Value Added (GVA) at the provincial level for the period 2003-

2011 are from Cambridge Econometrics Database.5 GVA is in real terms, with base year 2005. 

Table 2 reports the correlation between initial (year 2003) GVA per employee for each of the 

six sectors and share of immigrants. The correlation is generally low and positive, meaning that 

there is a weak tendency for immigrants to settle in provinces in which the sectoral GVA per 

employee is high. There are few cases showing a correlation above 0.20. The sector with the 

highest correlation is agriculture for people coming from Albania and construction for Albania 

and Marroquins, with 0.24 and 0.30, respectively. We observe a negative correlation between 

initial GVA per employee in low-level services for all the nationalities, with the exception of 

India. Initial GVA per employee in high-level services shows a negative correlation in half 

cases, while the GVA per employee in the construction sector has a negative correlation in three 

cases.  

 
Total Agriculture Industry Construction 

High lev. 

services 

Low lev. 

services 

Albania 0.3007 0.4679 0.1769 0.2402 0.1067 -0.1269 

Romania 0.1597 0.2459 0.1028 -0.0356 -0.1243 -0.1208 

China 0.1347 0.2249 0.1202 0.0756 -0.0149 0.0185 

Philippines 0.2322 0.2731 0.1809 0.0718 -0.0658 -0.1623 

Morocco 0.3416 0.3118 0.2662 0.2925 0.0867 -0.0147 

Moldova 0.1616 0.2262 0.1376 0.1355 0.0157 -0.0802 

Poland -0.1137 0.0479 -0.2186 -0.3579 -0.1900 -0.1786 

Tunisia 0.1311 0.1944 0.0648 0.0776 0.1032 -0.0643 

                                                 
3
 In the half 2005, four new provinces were created in Sardinia region: Carbonia-Iglesias, Medio Campidano; 

Ogliastra, Olbia-Tempio. As for these provinces there are missing data, and bilateral migration flows were very 

little, we reassigned each of these new provinces to the province in which it was originally incorporated. Data 

about Carbonia-Iglesias and Medio Campidano were reassigned to Cagliari; data about Ogliastra were reassigned 

to Nuoro; data about Olbia-Tempio were reassigned to Sassari. 
4 We are aware that we do not observe the total amount of foreigners because of lack of official data about irregular 

immigrants by province. Accordingly, our analysis implicitly assumes that irregular migrants do not contribute 

effectively to productivity. 
5 Cambridge Econometrics database is complete while data from ISTAT contain a great number of missing values 

for sectoral employment and GVA at the provincial level. 
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Ukraine 0.1345 0.2356 0.0564 -0.0257 -0.2406 -0.1565 

India 0.1981 0.2405 0.1486 0.1779 0.0357 0.0838 

Table 2: correlation matrix between sectoral GVA per employee and share of immigrants by 

nationality 

Figure 1 reports on the left axis the variance of the share of foreigners in total population and 

on the right axis their spatial concentration across provinces measured through Moran’s I over 

time, that correlates the value of a variable with the value of the same variable in neighbour 

provinces.6  

 
Figure 1: variance and Moran’s I of total foreigners over population 

 

The insights from this graph are threefold. First, there is a very strong evidence of spatial 

dependence, as the p-value, not reported in the graph, is always lower than 0.01 for all years. 

Migration phenomenon tends to be clustered in nature, with provinces having relatively high 

                                                 

6 Moran’s I is defined as: 𝑀𝐼 =
𝑁

∑ ∑ 𝑤𝑖,𝑗
𝑁
𝑗=1

𝑁
𝑖=1

∑ ∑ 𝑤𝑖,𝑗
𝑁
𝑗=1 (𝑦𝑖−�̅�𝑖)(𝑦𝑗−�̅�𝑗)𝑁

𝑖=1

∑ (𝑦𝑖−�̅�𝑖)𝑁
𝑖=1

  

where N is the number of provinces indexed by i and j; y is the share of foreigners in total population; wi,j is an 

element of a queen weights matrix W of N×N size. The calculated Moran’s I for global autocorrelation varies 

between -1 and 1. A positive (negative) coefficient corresponds to a value of Moran's I that is larger (lower) than 

its theoretical mean equal to -1/N-1, or, equivalently, a positive (negative) z-value, and points to positive (negative) 

spatial autocorrelation, i.e. similar (dissimilar ) values cluster together in a map. 



7 

 

(low) percentage of foreign population that are located near others with high (low) percentage 

of foreign population. Most spatially concentrated foreign groups are from Albania, Romania, 

Morocco, Poland and Ukraine, with Moran’s I between 0.40 and 0.62. The less concentrated 

foreign groups are from Philippines, Tunisia, Moldova and India, with a Moran’s I between 

0.10 and 0.32. The Moran’s I is not statistically significant for people from China, which are 

widespread over space. The clusterization of foreign communities, found also by González and 

Ortega (2011) for Spain, is likely driven by at least three factors: the presence of people of the 

same community already settled down in a given province or in the neighbour provinces, the 

so-called chain migration; the provincial economic conditions in terms of job opportunities; the 

endowments of infrastructures, local goods and services affecting the living conditions of 

newcomers. The clusterization implies that foreign communities in a province cannot be seen 

as independent from those in the other provinces. This evidence leads us to adopt an empirical 

strategy that takes into account the spatial dependence of community distribution across 

provinces. 

The second interesting insight is that spatial autocorrelation is always positive and increases 

until 2009, meaning that foreign people tend to concentrate in space, then slightly decrease. 

This could be a consequence of the great recession, which affected both the location decisions 

of people already living in Italy and the choice of foreigners to migrate to this country. 

The third insight is the co-movement between the percentage of foreign people’s variance and 

the Moran’s Index until 2009, and then a divergence between the two measures. The spatial 

dependence strengthens as the foreign dispersion increases implying that clusters of provinces 

are likely to become more similar over time with a stronger spatial pattern that is translated into 

an increasing variance. Since 2009, the spatial dependence slightly weakens while the foreign 

dispersion continues to increase.  

Since our analysis focuses on the relationship between productivity growth and ethnic minority 
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concentration, we report a brief overview of productivity dynamics over the period 2003-2011. 

Figure 2 reports the so called σ-convergence, i.e. the dispersion of the (log) of GVA per 

employee and the Moran’s I of the same variable over time. Also in this case there is a very 

strong evidence of spatial dependence in the productivity growth, which will be explicitly taken 

into account to define the empirical strategy in Section 3. 

Notice that Moran’s I is quite stable until 2007, and then sharply declines as well as the variance 

of the (log) GVA per employee. These patterns imply that, at least since 2008, productivity 

tends to be more homogeneous both in space (less clustered) and in absolute terms (less extreme 

values). Unfortunately, the greater degree of homogeneity between provinces is due to a loss of 

competitiveness of northern provinces and not to an increase of productivity in the southern 

provinces. Then, the result is a more equal but less competitive country (EC, 2014). 

 
Figure 2: variance and Moran’s I of log(GVA/emp) 

Figure 3 depicts the relation between the annual productivity growth rate and the percentage of 

foreign people over the total population (observed at the beginning of each year) for the period 

2003-2011. The negative association between the share of foreigners and productivity growth 
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is linear and no leverage points or influent outliers are detected.  

 
Figure 3: relation between the percentage of foreign people and the average GVA/emp growth 

rate, period 2003-2011. 

This first analysis shows a spatial concentration of foreigners in the centre and north of Italy, 

which seems not to be efficient for enhancing productivity growth. In the following section we 

go deeper into the analysis by introducing a theoretical model and the empirical methodology 

to implement it. 

 

3. Theoretical framework and empirical methodology 

Our model can be considered to be somewhat in the spirit of the human capital model of de la 

Fuente and Doménech (2006) and later extended by Ramos et al. (2010). Ethnic minorities are 

assumed to be characterized by a combination of skills, which lead foreign people to find an 

employment in specific sectors. In this framework, skills are conceptualized in very general 

terms and they also include the capacity of foreign people to find an employment thanks to 

personal network with people of the same nationality. The model considers a Cobb-Douglas 
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production function, expressed as follows: 

𝑌𝑖,𝑡 = 𝐾𝑖,𝑡
𝛼 𝐻𝑖,𝑡

𝛽
(𝐴𝐿𝑖,𝑡)(1−𝛼−𝛽) (1) 

where 𝑌 is the output, 𝐾 the capital, 𝐻 the skills of foreign workers, 𝐿 the labour force and A 

the technology. Subscripts i and t denote the geographical unit (province) and time. 

Taking the log and dividing all variables by the effective quantity of labor, 𝐴𝐿𝑖,𝑡, we obtain: 

𝑦𝑖,𝑡 = 𝛼𝑘𝑖,𝑡 + 𝛽ℎ𝑖,𝑡, (2) 

where ℎ𝑖,𝑡 represents ethnic community skills per unit of effective labor. As mentioned in 

Section 2, we have some insights on ethnic community skills from the prevalent occupation, as 

reported in table 1. This leads us to use the percentage of people of nationality 𝑒 over the total 

population as proxy for ethnic community skills per unit of effective labor. Accordingly, 

equation (2) becomes: 

𝑦𝑖,𝑡 = 𝛼𝑘𝑖,𝑡 + ∑ 𝛽𝑖,𝑡
𝑒 ℎ𝑖,𝑡

𝑒𝐸
𝑒=1   (3) 

Following the approach developed by Barro (2000), Barro and Sala-i-Martin (2003), and 

Ramos et al. (2010), we transform equation (3) to derive convergence equation, in which growth 

in a province over a given period is inversely related to its initial productivity level as a result 

of the mechanism of convergence towards its steady state: 

𝑔𝑖,𝑠,𝑡 = 𝜑𝑦𝑖,𝑠,𝑡−1 + 𝛼𝑘𝑖,𝑡−1 + ∑ 𝛽𝑖,𝑡−1
𝑒 ℎ𝑖,𝑡−1

𝑒𝐸
𝑒=1  (4) 

where, in a panel framework, the dependent variable 𝑔𝑖,𝑡 represents the growth rate of GVA per 

employee in province i between time t-1 and t, i.e. 𝑦𝑖,𝑡 − 𝑦𝑖,𝑡−1, and 𝑦𝑠𝑡−1 is the logarithm of 

GVA per employee in sector 𝑠 at time t-1. The inverse relation between growth in a province 

and its initial productivity level is given by the negative predicted sign of the parameter φ, 

which indicates that convergence is occurring. 

Selection concern may arise since per capita GDP (correlated with productivity levels) could 

guide the selection of minority groups into provinces. However, the lack of systematic 

differences in ethnic minority shares across provinces by sector, shown in Section 2 (see table 
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1) decreases the concern that per capita GDP guides the selection of ethnic minority groups. 

The assumption underlying model (4) is that sectoral GVA per employee growth rate in a 

province is independent of sectoral GVA per employee growth rate in other provinces. 

However, as pointed out by Fingleton and López-Bazo (2006), growth rate in a province is 

likely to be influenced by economic performance in other provinces, because provinces are 

interdependent and we must not treat regions as “isolated islands” (Mankiw, 1995; Quah, 1996). 

If such spatial dependence is not taken into account in the empirical model specification, results 

are likely to be biased and may lead to misleading conclusions. Given the likely 

interdependence in economic performance across provinces, as detected in figure 3, we adopt 

an estimation strategy able to account for externalities across provinces’ economic systems.  

Equation (4) is augmented with spatially lagged dependent and independent variables, which 

permit to analyse the existence of geographical spillovers among foreigners from a same 

country located in different provinces. As LeSage and Fischer (2008) point out, the inclusion 

of spatially lagged independent variables also permits to overcome the problem of omitted 

variables. A similar specification has been used also by Ertur and Koch (2007) who develop a 

theoretical growth model which considers spatial externalities across regions, as well as by 

Ramos et al. (2010) for measuring geographical spillovers of human capital.  

The empirical model, known as Spatial Durbin, is as follows: 

𝑔𝑖,𝑠,𝑡 = 𝜗 + 𝜌𝐖𝑔𝑖,𝑠,𝑡 + 𝜑𝑦𝑖,𝑠,𝑡−1 + ∑ 𝛽𝑖,𝑡−1
𝑒 ℎ𝑖,𝑡−1

𝑒𝐸
𝑒=1 + 𝜂𝐖𝑦𝑖,𝑠,𝑡−1 + 𝐖 ∑ 𝜃𝑖,𝑡−1

𝑒 ℎ𝑖,𝑡−1
𝑒𝐸

𝑒=1 +

∑ 𝜑𝑝𝐷𝑝
𝑁−1
𝑝=1 + ∑ 𝛾𝜏𝐷𝜏

𝑇−1
𝜏=1 + 𝜀𝑖𝑠𝑡  (5) 

where 𝐖 is the spatial weights matrix defined in footnote 3. 𝜗 is a constant term; 𝐷𝑝 and 𝐷𝜏 

are dummy variables such that 𝐷𝑝 = 1 and  𝐷𝑡 = 1 if p = i and τ = t, respectively, and  𝐷𝑝 =

0 and  𝐷𝜏 = 0 otherwise. Provincial and time dummy variables control for unvarying factors 

determining differences in the steady states across provinces. 𝜀𝑖,𝑠,𝑡 is the usual error term. In our 

empirical application, we estimate model (5) for five sectors: agriculture, industry, construction, 
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high level services and low level services. 

Model (5) introduces a dependence among provinces’ economic systems in form of global 

externalities: a shock in province i is transmitted to its neighbours by parameter ρ that, in turn, 

is transmitted again to province i through 𝐖, reinitiating the process until the effect becomes 

negligible for N that tends to infinite (LeSage and Fischer, 2008).  

One of the advantages of Spatial Durbin model, whose choice is statistically funded as we will 

see in Section 4, is the possibility to express the impact on the dependent variable (GVA per 

employee growth rate) from a change in one the independent variables as a combination of 

direct and indirect neighbourhood influences (LeSage, 2008). While direct effects are related 

to the well know notion of marginal effect, like in standard regression models, the interpretation 

of the indirect effects is related to spatial spillovers. This is due to the presence of the spatial 

autoregressive parameter ρ and the parameter associated with the spatial lags of the independent 

variables. Thus, taking the partial derivative of the variable ℎ𝑖,𝑡−1
𝑒 , we have: 

 
𝜕𝑔𝑖,𝑠,𝑡

𝜕ℎ𝑖,𝑡−1
𝑒 = (𝑰 − 𝜌𝐖)−1(𝐈𝛽𝑖,𝑡−1

𝑒 + 𝜃𝑖,𝑡−1
𝑒 𝐖)  (6) 

LeSage and Pace (2009a, 2009b) define the average direct effect as the average of the diagonal 

elements of (6), and the average indirect effect as the average of the off-diagonal elements, 

where the off-diagonal row elements are first summed up, and then an average of these sums is 

taken. Finally, the sum of the direct and indirect effects gives the average total effect. 

The key parameter through which spatial spillovers effects are transmitted to the whole 

economy is ρ. It enters in the spatial multiplier (𝑰 − 𝜌𝐖)−1 that defines the strength of the 

linkage between the productivity growths of the neighbouring provinces. An estimated positive 

value for the parameter ρ means that the spatial multiplier amplifies the effects of a change in 

surrounding provinces with respect to the productivity growth of the original province. On the 

contrary, an estimated negative value for ρ implies that a province does not fully exploit, in 
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terms of productivity growth, a variation of a variable in the neighbouring provinces. 

In order to estimate Spatial Durbin Model, we use the Maximum Likelihood (ML) approach 

proposed by Elhorst (2014). Comparing this estimation methodology with the one of Kelejian 

et al. (2006) which uses Instrumental Variables/Generalised Method of Moments (IV/GMM), 

one advantage is that instruments usually include spatially lagged independent variables, a 

requirement that will not permit to test the influence of spatial spillovers in the fashion of 

LeSage and Pace (2009a, 2009b). 

We conclude this section with some further comments supporting the choice of the spatial 

Durbin model. The choice of the spatial model to use for the empirical analysis may be based 

on two different approaches: a specific-to-general approach and a general-to-specific approach. 

In the first case, the selection between the spatial lag and spatial error model is done through a 

(robust) Lagrange Multiplier (LM) test performed on OLS estimates. Nevertheless, Elhorst 

(2010) suggests that if LM tests for spatial lag and error are both significant the next step should 

be to estimate the spatial Durbin model. This is also suggested by LeSage and Pace (2009a) 

observing that, as the choice of spatial error model could hide misspecification problems 

(Fischer and LeSage, 2008), a solution is to choose the spatial Durbin model. The second 

approach, following LeSage and Pace (2009a), checks the spatial Durbin model against more 

simple models using a Lagrange Ratio (LR) and a Wald test. In the next section, we show the 

results of the tests used in the two approaches and we will see that they support the choice of 

the spatial Durbin model for our analysis. 

 

4. Results 

Table 2 reports the results of the tests used in the specific to general approach. A Lagrange 

Multiplier (LM) test and a robust LM test are carried out on the residuals of an OLS regression. 
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The outcomes lead us to reject the hypothesis of absence of spatial autocorrelation in the 

residuals of all the five equations (one for sector). Moreover, following Elhorst (2010), we 

expect to obtain more reliable estimates by considering a spatial Durbin model accounting for 

spatial autocorrelation. 

 
Total Agriculture Industry Const. 

High lev. 

services 

Low lev. 

services 

LM test sp. Lag 47.631 

(< 0.01) 

71.124 

(< 0.01) 

40.625 

(< 0.01) 

205.976  

(< 0.01) 

206.802 

(< 0.01) 

100.857 

(< 0.01) 

Robust LM test  

sp. Lag 

0.568 

(0.451) 

5.5018 

(0.019) 

3.863 

(0.049) 

6.162 

(0.013) 

15.169 

(< 0.01) 

0.042 

(0.837) 

LM test sp. Error 49.403 

(< 0.01) 

66.895 

(< 0.01) 

36.854 

(< 0.01) 

213.013 

(< 0.01) 

192.857 

(< 0.01) 

112.728 

(< 0.01) 

Robust LM test sp. 

Error 

2.339 

(0.126) 

1.273 

(0.259) 

0.093 

(0.76) 

13.199 

(< 0.01) 

1.225 

(0.268) 

11.913 

(< 0.01) 

p-values in brackets. 

Table 2: Test for model selection on OLS residuals



The estimates of the spatial Durbin model, given by (5), are reported in table 3. Column 2 

contains the estimated coefficient associated with the GVA per employee for the whole 

economy, while columns 3 to 7 contain the results for the five sectors: agriculture, industry, 

construction, high services, and low services. 

At the end of table 3, the tests used in the general-to-specific approach are reported. The Wald 

and LR tests clearly discriminate in favour of the spatial Durbin model for four out of six cases, 

i.e. whole economy, agriculture, industry and construction. The best model for high-services is 

spatial lag, while for low-services is spatial error.7 Furthermore, the highly significant ρ 

parameter, which ranges between 0.24 and 0.52 confirms the presence of positive spatial 

spillovers. 

According the F-test results, foreign groups are jointly significant with the exception of high-

services (p-value = 0.38); for low-services foreign groups are statistically significant at the 0.1 

level. The results for Hausman test supports the choice of using a within model with spatial and 

temporal dummies rather than a random effect model. Finally, as the time span of our sample 

goes from 2003 to 2011, including the pre- and post- great recession years, we performed a 

Chow test for 2008 in order to verify if a structural break is present in that year. The results 

confirm the structural break, which is consistent with the pattern of Moran’s I (see Figure 1), 

which slightly decreases since 2009.  

                                                 
7 The results for these two models are consistent with the estimates of the spatial Durbin and are available upon 

request. 



 Total Agriculture Industry Construction High lev. services Low lev. services 

GVA/emp -0.27150 *** -0.40316 *** -0.25732 *** -0.37327 *** -0.16321 *** -0.15431 *** 

 (-11.50576)  (-15.2055)  (-10.34615)  (-13.49658)  (-13.95747)  (-12.32107)  

Albania -0.06395  -8.74093 ** 3.14852 * -1.70997  -0.95731  1.23424  

 (-0.11481)  (-2.272)  (1.86195)  (-0.9331)  (-1.14899)  (1.07716)  

Romania -0.47380 * -0.81529  -0.47016  0.66268  0.19088  -0.21735  

 (-1.81272)  (-0.45509)  (-0.59644)  (0.77311)  (0.49301)  (-0.40308)  

Cina -1.13181 *** 0.55495  -3.86719 *** -1.50185  -0.51123  1.3228  

 (-2.83442)  (0.20281)  (-3.21339)  (-1.14571)  (-0.86552)  (1.6068)  

Philippines 3.75334  -13.29916  8.07580  -5.41252  5.94870 * 10.22763 ** 

 (1.60679)  (-0.83571)  (1.15996)  (-0.71056)  (1.71277)  (2.03300)  

Morocco -0.94144  1.77459  -2.54559  -2.62100  1.41940  2.27631  

 (-1.0334)  (0.28569)  (-0.91719)  (-0.87949)  (1.05565)  (1.22481)  

Moldova -2.30516 *** -4.12452  -2.96534  -7.67674 *** -1.15058  -2.91762 ** 

 (-3.31057)  (-0.87038)  (-1.42175)  (-3.33494)  (-1.11559)  (-2.04768)  

Poland 6.03618 *** 70.99639 *** 0.44537  -17.18948 *** 4.97747 * 4.54292  

 (3.42154)  (5.7564)  (0.08429)  (-2.98526)  (1.91953)  (1.26477)  

Tunisia 1.29320  1.26689  -0.46726  2.85185  -2.06269  -2.73987  

 (0.91644)  (0.13042)  (-0.10845)  (0.61723)  (-0.99393)  (-0.95189)  

Ukraine -2.61392 ** -7.68075  -10.45095 *** -2.55930  1.42664  -3.17258  

 (-2.45194)  (-1.05646)  (-3.25529)  (-0.73338)  (0.90458)  (-1.4492)  

India -1.26767 * -5.13192  -2.67668  0.58108  -1.99369 * 0.27559  

 (-1.71483)  (-1.02426)  (-1.20021)  (0.24019)  (-1.83748)  (0.1833)  

W×GVA/emp 0.03213  0.12311 ** -0.05380  0.07242  -0.00613  0.07202 *** 

 (0.7821)  (2.40202)  (-1.09598)  (1.53904)  (-0.24423)  (3.21553)  

W×Albania 0.90602  15.30395 ** -1.04486  4.32990  2.13488  0.68029  

 (0.97993)  (2.40477)  (-0.37021)  (1.42280)  (1.55487)  (0.35662)  

W×Romania -1.08556 ** -4.66033  -1.25633  0.66080  -1.43127 ** -1.33666  

 (-2.34054)  (-1.48451)  (-0.91051)  (0.43962)  (-2.08079)  (-1.38449)  

W×Cina -0.51110  11.29027 * 2.36998  0.57013  -1.16095  0.79837  

 (-0.59132)  (1.89455)  (0.91172)  (0.19928)  (-0.90769)  (0.44853)  
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W×Philippines 5.29540  58.48539 * -9.49900  -2.36805  8.42906  -23.70338 ** 

 (1.10382)  (1.82544)  (-0.67393)  (-0.15445)  (1.18102)  (-2.41807)  

W×Morocco 3.15108 ** 15.14869  14.83392 *** -4.97192  -1.57140  -1.81930  

 (2.20329)  (1.54535)  (3.38955)  (-1.0633)  (-0.73583)  (-0.62096)  

W×Moldova -0.29855  -16.08849 * 2.18830  2.48697  -0.59847  -3.77120  

 (-0.22517)  (-1.76076)  (0.54573)  (0.56943)  (-0.30417)  (-1.37986)  

W×Poland 1.20311  -46.65583 ** 10.48269  -2.69546  -2.91991  -0.81518  

 (0.43731)  (-2.40714)  (1.25762)  (-0.29518)  (-0.71518)  (-0.14537)  

W×Tunisia -8.55744 *** -35.59997 ** -30.61194 *** -18.07641 ** 0.50796  4.89316  

 (-3.41606)  (-2.08417)  (-3.97226)  (-2.17615)  (0.13771)  (0.96032)  

W×Ukraine 3.17811  -6.53509  10.01052 * 12.05217 * -0.24823  3.03400  

 (1.63905)  (-0.48870)  (1.71518)  (1.88215)  (-0.08655)  (0.76298)  

W×India 2.06564  7.27855  -4.14301  12.19431 ** 4.24021 ** 3.62961  

 (1.51069)  (0.77774)  (-0.98743)  (2.55401)  (2.05701)  (1.2802)  

ρ 0.27773 *** 0.32960 *** 0.24168 *** 0.52513 *** 0.47259 *** 0.41321 *** 

 (6.55592)  (8.08674)  (5.58545)  (15.80004)  (13.33329)  (10.89081)  

R-squared (adj.) 0.7397 (0.1976) 0.5003 (0.2825) 0.7659 (0.1792) 0.6046 (0.2663) 0.7324 (0.2407) 0.7537 (0.2049) 

sigma^2 0.0002  0.0071  0.0014  0.0016  0.0003  0.0006  

N. obs. 824 

log-likelihood 2505.4568  914.42352  1595.719  1497.0279  2159.4645  1901.5872  

F-test 3.33 (< 0.01) 3.45 (< 0.01) 3.62 (< 0.01) 2.24 (< 0.01) 1.07 (0.38) 1.42 (0.10) 

Chow test 991.23 (< 0.01) 1201.4 (< 0.01) 1036.00 (< 0.01) 1112.7 (< 0.01) 1120.1 (< 0.01) 1169.2 (< 0.01) 

F-test on ethnic groups 305.58 (< 0.01) 209.58 (< 0.01) 264.94 (< 0.01) 151.08 (< 0.01) 84.18 (< 0.01) 148.45 (< 0.01) 

Time fixed effects Yes Yes Yes Yes Yes Yes 

Provincial fixed effects Yes Yes Yes Yes Yes Yes 

Wald spatial lag 28.94 (< 0.01) 36.26 (< 0.01) 37.07 (< 0.01) 26.61 (< 0.01) 13.79 (0.24) 23.38 (0.01) 

LR spatial lag 32.84 (< 0.01) 40.24 (< 0.01) 45.59 (< 0.01) 28.78 (< 0.01) 15.40 (0.16) 25.21 (0.01) 

Wald spatial error 26.03 (< 0.01) 33.13 (< 0.01) 36.95 (< 0.01) 19.72 (0.05) 18.26 (0.07) 13.70 (0.25) 

LR spatial error 30.52 (< 0.01) 39.49 (< 0.01) 42.99 (< 0.01) 21.73 (0.03) 19.37 (0.05) 15.35 (0.17) 

Hausman test 305.58 (< 0.01) 209.58 (< 0.01) 264.94 (< 0.01) 151.08 (< 0.01) 84.18 (< 0.01) 148.45 (< 0.01) 

*Significant at 1%, ** significant at 5%, *** significant at 10%. t-stat in brackets. p-values of the of diagnostic tests in brackets. 
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Table 3: estimation results of Spatial Durbin regression



The marginal effects given by equation (6), are reported in table 4. Summing up the indirect 

effects, the average total impacts become much more greater than the direct effects alone 

because of the indirect effects, which represent the average of the sum of the indirect effect 

coming from all neighbouring (and neighbouring of the neighbour) provinces. The indirect 

effects are the results of the coefficients of the spatially lagged dependent variable, which 

determine the magnitude of spatial spillovers, and of the spatially lagged explanatory variables, 

which determine the agglomeration degree. 

The impact of Polish ethnic group is positive and statistically significant with respect to the 

total productivity growth in its direct and total effects. This means that, on one hand, the direct 

impact is so strong that it spreads out over the whole economy. The absence of indirect effect, 

on the other hand, highlights that a “cluster” effect is not present with respect to productivity 

growth, i.e. this ethnic group is efficient by itself and not because it is clustered in space. The 

positive impact is due to the positive influence on agricultural GVA per worker growth that 

overcomes the negative one in the construction sector. The positive impact in agriculture sector 

is rather interesting because the percentage of foreign people employed in this sector is only 

5.3% in 2006 (INEA, 2009), but it correspond to around 20% of total occupation in this sector, 

with a strong variation between regions (INEA, 2009). As we mentioned in the Introduction, a 

small percentage of total foreigners (3.9%) are employed in the agricultural sector, yet they 

represent a very important source for this sector. The positive contribution of Polish group to 

this sector reflects an efficient distribution of Polish people across provinces. In other terms 

demand and supply match in agricultural sector. The opposite holds in the construction sector 

since we observe a not statistically significant coefficient associated with the indirect effect. 

This implies that the spatial distribution of Polish community is less efficient in this sector than 

in the agricultural one. 

The other foreign groups negatively contribute to productivity growth rate. For example, the 
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strong negative effect of the Romanian community is due to the negative role in agricultural 

and high-services sectors, while it is surprising that it is not statistically significant in low-

services sector, where there is the highest concentration of Romanian workers. Chinese 

community has a direct and total negative significant effect on productivity growth due 

essentially to the direct negative effect in the industrial sector. Filipino community plays a weak 

role on whole productivity growth, but has a positive direct impact on high-services sector. This 

result may not be due to the direct employment of Filipinos in this sector, since they are 

typically specialised in low-services, as to the fact that they allow to high skilled workers to 

concentrate on their work making them free from housework and childcare chores. People from 

Morocco have an indirect positive impact on the whole productivity rate due to the indirect and 

total positive effect in industry, which proves that people belonging to this country do not tend 

to live where they work but commute, generating, as a consequence, an indirect effect. 

Moldovan people look like to be the less productive. Their direct and indirect impact on 

productivity growth is negative because they play a negative effect in each sector where their 

impact is significant: agriculture, construction and low-services. Tunisian’s ethnic group have 

a negative indirect and total effects in total productivity growth and in each sector excluded 

services. Following the reasoning for Morocco, the result proves that also Tunisian commute 

but, contrary to Moroccan, they depress productivity growth. Finally, Indians are significant 

only in the construction sector and for indirect and total effects. 

 



 Total Agriculture 

 Direct  Indirect  Total  Direct  Indirect  Total  

GVA_EMP -0.27398 *** -0.06019  -0.33417 *** -0.40508 *** -0.01264  -0.41772 *** 

  (-11.45443)   (-1.18512)   (-5.6400)   (-15.49961)   (-0.18955)   (-5.66926)  

Albania 0.0003  1.14845  1.14876  -7.57637 ** 17.85257 ** 10.27620  

  (0.00057)   (0.97394)   (0.98705)   (-1.98326)   (2.21819)   (1.24714)  

Romania -0.55849 ** -1.60704 *** -2.16553 *** -1.14291  -7.02323 * -8.16614 * 

  (-2.27295)   (-2.8521)   (-3.93853)   (-0.69287)   (-1.68158)   (-1.96370)  

China -1.2101 *** -1.13543  -2.34553 * 1.64762  16.11972 * 17.76734  

  (-2.91496)   (-0.97351)   (-1.68542)   (0.54911)   (1.82845)   (1.65919)  

Philippines 4.28619 * 8.59179  12.87799 * -8.68231  74.59894  65.91664  

  (1.83605)   (1.40247)   (1.84061)   (-0.52554)   (1.65382)   (1.27487)  

Morocco -0.72308  3.76741 ** 3.04433  2.91231  21.88336 * 24.79567 * 

  (-0.81919)   (2.1345)   (1.60542)   (0.46772)   (1.70922)   (1.79203)  

Moldova -2.36641 *** -1.18225  -3.54867 * -5.49694  -24.39871 * -29.89565 ** 

  (-3.44624)   (-0.66307)   (-1.73929)   (-1.1362)   (-1.86904)   (-1.98467)  

Poland 6.25324 *** 3.72163  9.97486 ** 68.84227 *** -32.82213  36.02014  

  (3.38643)   (1.06177)   (2.45826)   (5.55743)   (-1.22509)   (1.19696)  

Tunisia 0.69253  -10.80425 *** -10.11171 ** -1.83511  -50.00209 ** -51.83720 * 

  (0.48401)   (-3.27643)   (-2.61587)   (-0.19115)   (-2.04202)   (-1.85767)  

Ukraine -2.36882 ** 3.14469  0.77588  -8.46684  -12.77348  -21.24032  

  (-2.36478)   (1.37523)   (0.35149)   (-1.18866)   (-0.74702)   (-1.28137)  

India -1.13824  2.22821  1.08997  -4.57811  8.59408  4.01597  

  (-1.60143)   (1.29511)   (0.61243)   (-0.92463)   (0.67888)   (0.30378)  

 Industry Construction 

 Direct  Indirect  Total  Direct  Indirect  Total  

GVA_EMP -0.26509 *** -0.14473 ** -0.40982 *** -0.39455 *** -0.24275 *** -0.63729 *** 

  (-10.72699)   (-2.36043)   (-5.90554)   (-13.72708)   (-3.01009)   (-6.88268)  

Albania 3.18965 * -0.37751  2.81214  -1.11054  6.54024  5.42969  

  (1.95757)   (-0.11247)   (0.83782)   (-0.62482)   (1.19624)   (0.92946)  

Romania -0.57029  -1.77081  -2.34109  0.85977  1.92047  2.78025  
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  (-0.75214)   (-1.07544)   (-1.49059)   (1.06054)   (0.74276)   (1.0208)  

Cina -3.74100 *** 1.90208  -1.83891  -1.61526  -0.68353  -2.29879  

  (-3.05004)   (0.57278)   (-0.46375)   (-1.02841)   (-0.11505)   (-0.32507)  

Philippines 7.54716  -10.31066  -2.76351  -6.07246  -8.60398  -14.67645  

  (1.0883)   (-0.60169)   (-0.14321)   (-0.72474)   (-0.29378)   (-0.43039)  

Morocco -1.66927  17.90264 *** 16.23337 *** -3.75657  -12.26225  -16.01882 * 

  (-0.60879)   (3.40947)   (3.03638)   (-1.24811)   (-1.46582)   (-1.68691)  

Moldova -2.78577  2.05902  -0.72675  -7.90504 *** -2.72540  -10.63043  

  (-1.27139)   (0.42343)   (-0.13009)   (-3.14754)   (-0.30759)   (-1.02844)  

Poland 1.13394  12.86064  13.99458  -19.25912 *** -23.00652  -42.26564 ** 

  (0.21500)   (1.28586)   (1.23229)   (-3.04744)   (-1.34928)   (-2.09446)  

Tunisia -2.51458  -38.54817 *** -41.06275 *** -0.06403  -32.34179 * -32.40582 * 

  (-0.5436)   (-3.99535)   (-3.59582)   (-0.01241)   (-1.96413)   (-1.6600)  

Ukraine -9.98089 *** 9.22313  -0.75777  -0.48122  20.41733 * 19.93611 * 

  (-3.31291)   (1.34501)   (-0.12042)   (-0.14568)   (1.93672)   (1.79573)  

India -2.96699  -6.05303  -9.02002 * 2.78726  24.16682 *** 26.95408 *** 

  (-1.33625)   (-1.17358)   (-1.74748)   (1.13816)   (2.77198)   (2.80389)  

 High lev. services Low lev. services 

 Direct  Indirect  Total  Direct  Indirect  Total  

GVA_EMP -0.17549 *** -0.14731 *** -0.3228 *** -0.15291 *** 0.01111  -0.14179 *** 

  (-12.92986)   (-3.24111)   (-5.91401)   (-11.38884)   (0.31918)   (-3.37132)  

Albania -0.70575  2.91287  2.20712  1.3731  1.86969  3.24278  

  (-0.88097)   (1.29766)   (0.9319)   (1.25183)   (0.65619)   (1.09301)  

Romania -0.00415  -2.36074 ** -2.36489 ** -0.38092  -2.29257  -2.67349 * 

  (-0.01141)   (-2.20482)   (-2.12332)   (-0.75135)   (-1.65576)   (-1.8754)  

China -0.75536  -2.56686  -3.32221  1.45226  1.96436  3.41662  

  (-1.11682)   (-1.07715)   (-1.16986)   (1.59077)   (0.6624)   (0.96262)  

Philippines 7.72390 ** 20.36864  28.09254 * 7.84616  -29.86842 * -22.02226  

  (2.06005)   (1.64527)   (1.94312)   (1.51126)   (-1.98266)   (-1.26794)  

Morocco 1.27991  -1.59893  -0.31903  2.16155  -1.41709  0.74446  

  (0.956)   (-0.46264)   (-0.08191)   (1.18574)   (-0.33016)   (0.15588)  
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Moldova -1.30405  -1.90385  -3.20790  -3.51458 ** -7.71129 * -11.22587 ** 

  (-1.21102)   (-0.5412)   (-0.78909)   (-2.41651)   (-1.74603)   (-2.20186)  

Poland 4.89637 * -1.14961  3.74676  4.69414  1.51603  6.21017  

  (1.75018)   (-0.16697)   (0.46086)   (1.2346)   (0.17691)   (0.61625)  

Tunisia -2.11162  -0.94095  -3.05257  -2.23857  5.80631  3.56773  

  (-0.93962)   (-0.14327)   (-0.39126)   (-0.7369)   (0.71164)   (0.36874)  

Ukraine 1.57545  0.60103  2.17648  -2.83587  2.50472  -0.33114  

  (1.06718)   (0.14013)   (0.49242)   (-1.38223)   (0.46066)   (-0.05992)  

India -1.49735  5.76677 * 4.26942  0.73500  5.83034  6.56534  

  (-1.40293)   (1.70278)   (1.16094)   (0.50018)   (1.3509)   (1.4073)  

*Significant at 1%, ** significant at 5%, *** significant at 10%. t-stat in brackets. 

Table 4: estimation of spatial effects



Given the structural break in 2008, detected by the Chow model in table 3, we repeat the 

empirical analysis dividing the observed period in two sub-periods: 2003-2008 and 2008-2011.8 

In spite of the short time periods considered, we explore the short term impacts of ethnic groups 

in table 5, where only the signs of the significant impacts are reported. The sign and significance 

of coefficients tend to change with respect to the coefficients estimated on the whole period. In 

particular, in the first sub-period only Moldova is always significant for whole productivity 

growth, with a negative effect. Ukrainians have a positive indirect and total impact and Polishes 

only direct positive one. In the second sub-period Indians are negatively correlated to growth 

for all the effects, and Romanians only for indirect and total impacts, while other foreign groups 

do not affect growth. Focusing on single sectors, in 2003-2008 time span the sign and 

significance of coefficients for people from Moldova are positive as in table 4, but Marroquin 

ethnic group becomes not significant and Albanian have positive direct and negative indirect 

effect that leads to insignificant total effect. Chinese ethnic group becomes positively 

significant in its indirect and total effect. During period 2008-2011 only Tunisian people have 

negative direct effects and Marroquins a positive one. In industry we have only an indirect 

negative and total effect for Tunisia during 2003-2008 period, and a negative direct and total 

impact for Romania and a positive indirect and total impact for India in the 2008-2011 period. 

As regard to the construction sector, we observe a higher number of significant foreign groups, 

with different behaviours in the two sub-periods. Moldavian and Polish’s negative direct effects 

during 2003-2008 turn to be insignificant in the following period. Tunisian group plays a 

strongly negative indirect and total effect in the second sub-period. Ukrainians have a positive 

indirect and total impact in the first sub-period and Romanians a positive impact. In the case of 

high-services Filipino minority confirms the positive direct, indirect and total effect, but only 

in the first sub-period, while other foreign groups are not significant. In the second sub-period, 

                                                 
8 The detailed tables of results are available upon request. 
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with the exception of the positive indirect and total impact of Indians, no ethnic minorities are 

significantly different from zero. As regard to the low-services, we have that only Romanians 

have an indirect and total effect on growth in the first sub-periods. Finally, Indians, Albanian 

and Moldavians have a negative direct impact in the second sub-period, and Chinese people 

have a weak direct, indirect and total negative impact. 



2003-2008 

 Total  Agriculture  Industry  Construction  High lev. services  Low lev. services 

 Dir. Indir. Total  Dir. Indir. Total  Dir. Indir. Total  Dir. Indir. Total  Dir. Indir. Total  Dir. Indir. Total 

GVA_EMP - - -  -  -  -  -  - - -  -  -  -   

Albania   -  - +           -       

Romania              + +       - - 

China      + +  -               

Philippines     -        -    + + +  +   

Morocco  +                      

Moldova - - -   - -      -  -  -    -  - 

Poland +    +        - - -   -      

Tunisia          - -             

Ukraine  + +  -         + +  +  +     

India                        

2008-2011 

 Total  Agriculture  Industry  Construction  High lev. services  Low lev. services 

 Dir. Indir. Total  Dir. Indir. Total  Dir. Indir. Total  Dir. Indir. Total  Dir. Indir. Total  Dir. Indir. Total 

GVA_EMP - - -  -  -  - - -  - - -  - - -  -  - 

Albania              + +      -   

Romania  - -       - -   - -  + -   -   

China                     - - - 

Philippines                        

Morocco     +                   

Moldova                     -   

Poland                        

Tunisia -    -    -     - -      -   

Ukraine                 +    +   

India - - -      - + +       + +  - +  

Table 5: signs of the estimated of spatial effects for the 2003-2008 and 2008-2011 sub-periods (only coefficient significant at 10% level reported)



 

 

To sum up, our findings show that the spatial distribution of foreign groups across provinces 

seems to be not efficient in terms of productivity growth. On average, the sectors suffering more 

for the spatial mismatch between local demand and foreign labour supply are agriculture and 

industry, followed by construction, while services sectors are only marginally affected. These 

results are in line with Bettin et al. (2014) who find that, in the Italian economic system, an 

increase in the adoption of foreign workers may change the manufacturing output mix in favour 

of low skill intensive sectors. This can be due to the problem that Italy mainly attracts unskilled 

immigrants, and the few high-skilled immigrants moving to this country are often employed in 

traditional sectors and fill low-skilled jobs, suffering from substantial overeducation (Bratti and 

Conti, 2014). The negative impact on (level) productivity, on the other hand, is in line with the 

findings of Kangasniemi et al. (2012) and Nicodemo (2013) for Spain, but in contrast with the 

positive effects on productivity growth of Rolfe et al. (2013) for United Kingdom. Finally, our 

outcomes are in line with González and Ortega (2011) that, analysing the Spanish case, find 

that the response of the industry to an increase in unskilled labor force is to use the more 

abundant type of labor more intensively. In this extent the raise of immigration contributes to 

change production technologies of industry toward a more labour intensive paradigm because 

the availability of cheap labor due to legislative changes in favour of more flexibility labour 

market introduced by the Prodi Government in 1997-98 caused a decline of the equilibrium 

capital-labour ratio (Daveri and Parisi, 2010). 

 

5. Conclusions 

In this paper we apply a spatial empirical framework to assess the impact of ethnic communities 
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on Italian sectoral productivity growth. The number of foreign residents has increased steadily 

over time and their distribution has been concentrated in provinces where people of the same 

nationality have already settled down. This process stops with the crisis, when foreign groups 

start to deconcentrate.  

The empirical analysis is based on a spatial panel Durbin model, which allows to assess the role 

and the strengths of ethnic communities on sectoral productivity growth. The most interesting 

point is the diffused negative impact of foreign groups on sectoral productivity growth, due not 

only to the direct impact, but also to the indirect effect, which is so strong that is able to 

negatively reverberate through the whole economy. This is not related to the evidence that 

immigrants are generally located in the more developed regions, which present higher income 

per capita levels: the correlation with the initial sectoral GVA per employee, in fact, is very 

weak. Furthermore, we do not find a common pattern across sectors: different ethnic groups 

have differentiated or null impact in function of the type of sector.  

A possible explanation of these findings is that in some provinces there is a spatial mismatch 

between labour demand and supply such that foreign people increase the supply of labor and, 

in case of excessive supply, the per capita growth rate decreases. One could ask why foreign 

people decide to live in locations where the labor market is not able to exploit their skills. A 

first answer could be given by extending our analysis with a utility maximizing framework 

where immigrants are assumed as rational individuals who decide to live in those locations 

because destination-origin differences are such that the expected utility on the destination is 

still greater than the expected utility at the origin plus the cost of relocating. A second come 

form Haug (2008), that points out that, “as social networks are extended and strengthened by 

each additional migrant, potential migrants are able to benefit from the social networks and 

ethnic communities already established in the country of destination” pushing in the 

background other factors. Another interpretation of the results is that the lower wages devoted 
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to foreigners imply that also skilled foreign workers do not find an adequate job, decreasing 

their productivity. 

This problem can arise also from the migration rules requiring that extra-EU people have a job 

to live regularly in Italy, then they are willing to accept also a low level quality employment. 

Our results give room to various policy interventions. The clearest evidence from this study is 

that clusterization is not a channel to improve sectoral productivity. This is probably also linked 

to the quality of migration and to the under-utilization of skilled labour force. This implies that 

policies aiming at avoiding spatial concentration and fostering integration and social inclusion 

could generate positive effects on productivity. The process has to go together with a more 

receptive labour market in which wages are proportional to skill and professional levels. This 

would also solve the self-selection problem (Bratti and Conti, 2014), making that immigrants 

coming to Italy fully utilise their skills. Immigrants, until now have been seen only as an 

increasing problem, but rarely as a missed development opportunity. In this extent it is probably 

time to do something that would benefit not only foreigners, but the whole society. 
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